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is still not a common practice, and that information is
often extracted from the reads by an observing physician,
much as was done in the first days of ECG [2,3]. The
2011 Physionet/CinC challenge brought forward an
increasingly common scenario, where such a physician is
not readily available Ð collecting ECG signals using
mobile phones in rural low-income population. The
ultimate goal in such a scenario would be a full pipeline
of computational error-detection and analysis of the ECG.
The challenge addresses the first step of this process detecting problems in the data collection and identifying
cases where the collected ECG signal is not of sufficient
quality for diagnostic purposes (this might prove to be a
significant subject in other scenarios as well, as ECG
electrodes might be misplaced even in more controlled
environments [4]).
In this short paper we describe the application of our
data-driven approach to the Physionet/CinC challenge,
yielding good discriminative power.

Abstract
We describe a data-driven approach, using a
combination of machine learning algorithms to solve the
2011 Physionet/Computing in Cardiology (CinC)
challenge Ð identifying data collection problems at 12
leads electrocardiography (ECG). Our data-driven
approach reaches an internal (cross-validation) accuracy
of almost 93% on the training set, and accuracy of 91.2%
on the test set.

1.

Introduction

Clinical and biological data in digital format has been
increasingly available in recent years. These data range
from relatively small number of data-points available on
very large number of people (demographics, blood tests,
medication take, etc.) to much richer data available for a
relatively small number of patients (genetic sequencing,
MRI reads, continuous data available during
hospitalization). This new scenario in the medical world
calls for application of machine-learning approaches to
analyze the data Ð the analysis may be directed at
providing better medical treatment (personalized
medicine), at identifying emergencies and future
outcomes as early as possible (prediction and alerts), and
at detecting problems in the data collection. Considering
the wide range of different problems, the large amount of
data available for some of them, and the sometimeslimited prior medical knowledge, we suggest that a valid
approach might be data-driven, rather than (or alongside)
model-driven Ð avoid prior assumptions and use (almost)
only the data for the analysis. This approach is at the
heart of the researches that medical institutions perform
with Medial-Research in order to develop software
solutions for improving medical treatment, for the benefit
of both patients and physicians.
ECG signals are a good example for the potential of
this age of computational analysis of clinical data. Each
read contains a large amount of data (especially when
also considering Holter monitors and stress ECG test),
while it is a relatively common test (about 20 million
ECG tests were performed in emergency departments
within the United States in 2006 [1]). It is also a
surprising fact that computational analysis of ECG signals
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2.

Method and results

2.1.

Data

The challenge data are standard 12-lead ECG with full
diagnostic bandwidth (0.05 through 100 Hz). The leads
are recorded simultaneously for 10 seconds; each lead is
sampled at 500 Hz with 16-bit resolution Ð totaling 5000
data points per lead. Each sample was examined by 3 to
18 qualified annotators and assigned into one of three
groups according to its quality [5]. For our analysis we
consider only the first (acceptable) and third
(unacceptable) groups. The training set consists of 1000
samples where the (collective) annotation is available and
the test set consists of additional 500 samples with
annotations kept hidden.

2.2.

Approach

Our data-driven approach, as applied to the current
classification problem, is based on the following general
points:
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